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ABSTRACT 
To understand the visual behaviors of people searching for information on Web pages, heatmaps and Areas Of 
Interest (AOI) are generally used. These two techniques bring interesting information on how Web pages are 
scanned by several users. However, two remarks can be expressed: the first one relates to the fact that heatmaps are 
usually used to represent fixation areas for a given task after it is completed. Thus, it does not represent fixation 
areas over time. The second remark relates to the use of AOI, which must be defined by the analyst. We present a 
method, which address these two points. This bottom-up approach is based on a mean-shift clustering procedure for 
the identification of areas of interest, which takes into account the temporal aspect. The identification of AOI is thus 
data driven. This approach allows us to show the evolution of a posteriori AOI both in space and time. The 
limitations and implications of this new approach are discussed  
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INTRODUCTION 
To understand the visual behaviors of an individual, scanpath representations are generally used. A scanpath is an 
ordered set of fixations points (depicted by circles) connected by saccades (depicted by lines). To represent eye-
tracking data from several individuals, heatmaps representations are widely used. Typically, heatmaps aggregate 
fixations from a set of individuals where colors or opacity vary with the density of the number or duration of 
fixations (Figure 1).  
These two techniques, although interesting, have their own limitations. Scanpath representations, which preserve the 
order of fixations, cannot be used appropriately to represent several scanpaths. Heatmaps, which generally represent 
post-task static density of fixations, does not, by definition, represent fixations areas over time.  
To preserve the order of fixations, scanpaths of “representative” individuals from groups are sometimes used. In this 
case, the first step is to compare scanpaths. The comparison of scanpaths is well documented (for example: Privitera 
and Stark 2000; Jarodzka et al., 2010; Duchowsky et al., 2010; Drusch et al., 2011). Specifically, the probability for 
two individuals to stare exactly at the same point of a stimulus is very low. So, to overcome this difficulty, 
researchers usually define Areas Of Interests (AOIs), on the stimulus, so as to group fixations (Figure 2). It is thus 
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possible to compare sequences of AOIs and find the most representative or “prototypical” one (Aula et al., 2005; 
Hembrooke et al., 2006; Jarodzka et al., 2010; Mason et al. 2012). With this approach however, important 
information is lost. Thereby, authors sometimes provide the frequencies of fixations by AOI but it is possible that 
scanpaths differ on other criteria like the order of fixations. 
 
Figure 1. A gazeplot (left) and a heatmap (right) of one participant. 
Some visualization methods have been proposed to improve the level of details of AOIs based data analysis. The 
parallel scanpath visualization, for example, allows visualizing many individuals on a single screen in a parallel 
layout (Raschke et al., 2012). Another approach is based on the representation of scanpaths in a (3D) Space Time 
Cube (Li et al., 2010). However, these interesting methods seem not to be very readable with large number of 
scanpaths. 
 
Figure 2. An example of AOIs on a webpage (partial view). 
AOIs are widely used to describe visual stimuli, but there is no method for defining them in terms of size, and 
granularity (a region of the Web page?, a link?, an image?, etc.). Defining an AOI is a “top-down” approach 
characterized by making assumptions on areas viewed by users, sometimes based on certain experimental conditions 
(e.g., type of website, type of task). Thus, size and location of the AOIs depend entirely on the researcher. Nothing 
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else can help her/him in deciding the level of the granularity of the AOI. 
To overcome AOIs limitations, Santella and DeCarlo (2004) proposed a “bottom-up” (data-driven) approach to 
automatically set AOIs from eye fixations positions. This approach is based on a mean-shift clustering procedure. 
However, this approach has only been applied to individual data.  
The aim of this paper is to extend their approach to the analysis and representation of eye-tracking data from large 
sets of individuals, in such a way as to preserve the dynamics of these data. 
THE SPACE-TIME MEAN-SHIFT APPROACH  
Every session of eye-tracking recording delivers data consisting of: x and y coordinates, time-stamps and fixation 
durations. These points can be described in a space-time cube (STC) as illustrated in Figure 1 (Li et al. 2010). In a 
STC, the fixation durations are transformed into points at the same spatial coordinates but at different times which 
generate straight lines parallel to the vertical lines in Figure 3. Although the STC is a very effective model to 
describe eye-tracking data, bringing together all the individual scanpaths produce a quite unreadable representation. 
However, a careful analysis can greatly clarify the observed STC. The scanpaths approximately closed to each 
other could be grouped into a single path labeled by the session it represents. As every scanpath is described by its 
fixation points in the STC, the question could be: which fixations points in the STC can be grouped together to form 
the main scanpaths of the STC? 
There are many ways to classify a cloud of points in a multi-dimensional space. Two approaches are possible. In 
one hand, there are global techniques such as the k-means or the support-vector-machine (SVM). These techniques 
group points according to a given criterion. The k-means estimates the center of the cluster such that data points are 
closed to their respective centers, while maintaining the centers well separated from each other. The SVM identifies 
the cluster frontiers such that they bring the best separations between points of different clusters. The main 
drawbacks of these algorithms are that they are time consuming and the number of clusters must be defined a priori. 
On the other hand, local techniques estimate both the number of clusters and the point assignments. A very attractive 
one is the mean-shift algorithm (Yizong, 1995). It is based on the density of data points. The mean-shift efficiently 
identify the local extrema of the data points, i.e., regions where the density is high.  
After the eye-tracking data are plotted in the Space-Time Cube, the algorithm finds the local extrema using a 
polyhedron window. When the window is centered at a given location in the Space-Time Cube, the algorithm 
estimates the local barycenter of the data inside the window and labels them with this value. When barycenters are 
closed to each other, the algorithm merges them into a single barycenter. The algorithm iterates until no more data 
remain unlabeled. This labeling separates data into clusters representing the modes in the Space-Time Cube, which 
correspond to data-driven AOIs. 
The only parameter we need to set is the window size but not the number of modes, i.e., the number of AOIs, 
which are indeed what we are looking for. In our approach, three dimensions are taken into account: x and y 
coordinates (space) plus time. The window size parameter was set to 23 for the data analyzed here and its formal 
Figure 3. An example of the space-time cube 
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definition is given by: 
 
Given this formula, the Space-Time Mean-Shift provides the modes, which are the AOIs, localized in the Space-
Time Cube. Moreover, the algorithm is actually effective in time and memory consumption. For all these reasons we 
chose this algorithm against the classical clustering tools such as the K-means algorithm which necessitates to define 
a priori the number of clusters. In fact, it is quite obvious that defining the number of AOIs (i.e. the number of 
modes) should be part of the answer of the algorithm and not one of its parameters. Conversely, the size of the 
window depends only on the density estimation of the data.  
The AOIs extracted from the data represent the nodes in the Space-Time Cube where the scanpaths converge, 
and from where they go out. A direct and easy extension of this work is the estimation of the Averaged Space-Time 
Paths (ASTP). In other words, these ASTP would reflect user profiles if any. The importance of a node is given by 
the number of scanpaths passing through it divided by the total number of scanpaths. Its application to the STC is 
straightforward. The high-density regions in STC represent locations of the fixations of several users. These 
locations group together individuals fixations to form the main scanpaths. Every path shows the fixations followed 




113 French subjects were recruited for the study. Data from 13 subjects were discarded due to calibration problems. 
Their average age was 23 years old (σ = 3.72) with an equal proportion of men and women. Most of the subjects 
(97,7%) have used the Internet for at least 3 years and 88.6% of the participants indicated to be connected on the 
Web for at least one hour per day. 
Apparatus 
The Tobii T120 eye-tracking system with a resolution of 1280x1024 Pixels was used in this experiment. The Tobii 
Studio software (v.1.3.14) was used to manage the test and to collect eye-tracking data. A fixation was here defined 
as a gaze of at least 100ms in a radius of 35 pixels. 
Stimuli 
Two French e-government Websites were selected for this study. Although recordings were performed on all the 
Web pages participants explored during task completion, only the data recorded on the homepage of the first task are 
used in this paper. 
Procedure 
Subjects were instructed to perform two tasks on each Website without any temporal restrictions (i.e., “What are 
the three cases allowing to dissolve a civil pact of solidarity?”). All subjects performed the tasks in the same order. 
First, and between each task, a calibration was performed. All the tasks were presented visually and verbally. Each 
task started from the homepage of each Website. 
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Figure 4 shows the web page used for the experiment. Images I1 and I2 show the AOIs identified by the space-
time mean-shift at the very first time in the STC model. They are superimposed on the original web page. The AOIs 
are clusters of data points. Here, only their centers are represented. Few AOIs are extracted meaning that the users 
start to look at the same element in the web page. Later in the experimental session, many more AOIs are extracted. 
The users separate into several groups where each group follows a specific scanpath (cf. image I3 in Figure 4). At 
the end of the experiment, the users stare on few elements of the web page as illustrated by images I7 and I8 in 
Figure 2. 
The analysis based on the locations (and the induced main scanpaths) extracted by the space-time mean-shift 
shows that the individuals start and end on some few specific elements of the web page. During the session, 
individuals separate into several groups following their own scanpaths. An obvious extension of this analysis could 
be to attach profiles to the users (age, sex, etc.) as attributes in the STC to identify which kind of users follows 
which kind of scanpaths. 
 
DISCUSSION 
The aim of this paper was to extend the mean-shift procedure to analyze and visualize the dynamics of eye-
tracking data from many individuals. This method allows the analysis of eye-tracking data in a bottom-up way 
without too much aggregation of the data.  
If we compare the results of the heatmap (Figure 5, corresponding to the same eye-tracking data but without the 
temporal dimension), with the results of the space-time mean-shift analysis, there are some interesting conclusions. 
Aggregated data could let us think that participants tended to view the webpage in a pattern that does not exist, or at 
Figure 4. Locations retrieved by the space-time mean-shift during the experiment 
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least that do not represent accurately the behaviors of the participants. Another conclusion could be made with the 
help of the heatmap: the logo seems not to be very important. However, with the space-time mean-shift approach the 
logo appears clearly to be the starting point of the visual exploration even if participants don’t look at it later. 
 
Figure 5. Heatmap of the eye-tracking data from the experiment. 
CONCLUSIONS AND FUTURE WORKS 
Although the space-time mean-shift appears to be promising in analyzing and representing the dynamics of eye-
tracking data from many individuals, several aspects need to be addressed: the adjustment of the kernel, and the 
classification of individuals within the AOIs. 
A difficult part of this analysis is related to the adjustment of the size of the kernel (i.e. the size of the spatio-
temporal window). In fact, it is difficult to find a validation mechanism to ensure that this parameter reveals the 
“good” configuration of clusters (AOIs). We currently consider solving this problem with an automatic estimation of 
the kernel (Rodriguez et al. 2011): statistics tell us that it is possible to set both the time unit and the window size 
with a good density estimation of a subsampling of the data. 
With the identification of individuals in each cluster, we are thinking about identifying patterns of visual behaviors 
with the space-time mean-shift procedure. 
This research raises an important point in eye-tracking studies, i.e., the analysis and interpretation of eye tracking 
data and many other questions. What we have presented here to solve the problem of the analysis and visualization 
of scanpaths from many individuals is only one strategy. Other approaches will have to be tested and, more 
importantly, compared on the same set of data. The stability of the scanpaths or rather, the stability of the 
determinants of the scanpath will also have to be addressed. When users find themselves in a group, will they find 
themselves in the same group if we change tasks or conditions? Are these characteristics stable over time? Given 
that groups of users can be identified, what are the implications for providing designers with ergonomic guidelines? 
All these points should remind us that despite their utility, and their ease of use, eye- tracking tools should be used 
with caution as many questions regarding the analysis of the data are waiting for answers. 
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